INTRODUCTION
An accurate scoring function is crucial for molecular docking and lead discovery/optimization in structure-based drug design.
1À7 Despite significant progress in the past two decades, the scoring problem remains challenging. There are two important aspects in scoring function development, methodology, and validation. 7 Regarding the aspect of methodology development, typical scoring functions can be classified into three broad categories: force-field scoring functions, empirical scoring functions, and knowledge-based scoring functions. Force field scoring functions are based on the potential energy functions and parameters derived from quantum mechanical calculations and experimental data. 8À11 The potential energy function usually consists of an electrostatic term, a van der Waals 6À12 potential term, and terms accounting for conformation changes (i.e., bond stretching, angle bending and bond torsions). Explicit treatment of water molecules is widely used to calculate relative affinities for proteinÀligand binding (see ref 12 for review). For absolute affinity calculations, restricted by today's computing power, water is usually treated implicitly, using PoissonÀBoltzmann/ solvent accessible surface area (PB/SA) approaches, 13À19 generalized-Born/SA (GB/SA) approaches, 20À32 or crude approximations such as the distance-dependent dielectric. 33, 34 Force field scoring functions that employ intermediate-level approximations such as implicit solvent treatment (PB/SA and GB/SA) and local conformational sampling (e.g., LIE) 35 often introduce empirical, system-dependent weighting parameters to combine different energy components such as the electrostatic interaction term, van der Waals term, and hydrophobic term. The second type of scoring functions À empirical scoring functions decompose the free energy of binding into multiple empirical energy terms, in which the weighting factors are calibrated by fitting the affinity data of a training set of proteinÀligand complexes with known three-dimensional structures via linear regression. 36À41 The transferability of empirical scoring functions can be improved by increasing the number, diversity, and accuracies (in the affinity data and structures) of the complexes in the training set. Finally, knowledge-based scoring functions (also referred to as statistical potential-based scoring functions) are derived by converting the frequencies of interacting atomic pairs observed in proteinÀligand complexes into atomic interaction energy parameters (see ref 42 for a recent review). 43À58 Most knowledge-based scoring functions use the Boltzmann relationship 59À61 to make the conversion, see below for more discussions. This approach of extracting microscopic energy parameters from macroscopic structural data circumvents the difficulty of resolving the contributions of individual energy components by lumping them together, leading to a good transferability of this type of scoring functions for affinity predictions on a variety of sets of proteinÀligand complexes that have a wide range of binding affinities. In addition, the pairwise nature of the knowledge-based scoring functions make them computationally efficient. As a trade-off, it is difficult for knowledge-based scoring functions to explicitly analyze the individual contributions to the free energy of binding, such as ABSTRACT: Based on a statistical mechanics-based iterative method, we have extracted a set of distance-dependent, all-atom pairwise potentials for proteinÀligand interactions from the crystal structures of 1300 proteinÀligand complexes. The iterative method circumvents the long-standing reference state problem in knowledge-based scoring functions. The resulted scoring function, referred to as ITScore 2.0, has been tested with the CSAR (Community StructureÀActivity Resource, 2009 release) benchmark of 345 diverse proteinÀligand complexes. ITScore 2.0 achieved a Pearson correlation of R 2 = 0.54 in binding affinity prediction. A comparative analysis has been done on the scoring performances of ITScore 2.0, the van der Waals (VDW) scoring function, the VDW with heavy atoms only, and the force field (FF) scoring function of DOCK which consists of a VDW term and an electrostatic term. The results reveal several important factors that affect the scoring performances, which could be helpful for the improvement of scoring functions. the total electrostatic energies, van der Waals energies, and hydrophobic energies.
Second, regarding the aspect of scoring validation and comparison, standardized, accurate, easy-to-use, and freely available benchmarks are highly valuable for the docking community. 7 For example, the benchmark should be accurate in its collected binding constant data and three-dimensional structures so as to avoid any introduction of additional experimental errors. The benchmark is also expected to be large in number and diverse in geometry and chemistry so as to test the general applicability of a scoring function. A benchmark for therapeutic purposes should use drug-like and noncovalently bound ligands. It is highly desirable for the whole docking community to use the same standardized benchmarks for easy comparisons on different scoring functions, which can provide helpful insights into future scoring development. Recently, Dr. Carlson and her team at the University of Michigan are leading the efforts on constructing such valuable benchmarks, referred to as CSAR (Community StructureÀActivity Resource, http://www.csardock.org/). The first CSAR benchmark was released in 2009, which consists of two test sets of diverse proteinÀligand complexes of known K d 's and high-resolution crystal structures. Every structure was carefully examined, and any original atomic assignments that are inconsistent with the corresponding electron density map were fixed.
In the present study, we have used the CSAR benchmark to test our scoring function, ITScore. 56, 57 ITScore is a knowledgebased scoring function, in which the distance-dependent, atombased interaction energy parameters were derived using a unique iterative method. 56, 62 The advantage of this iterative method over the traditional use of the Boltzmann relationship is that the former circumvents the long-standing challenging reference state problem (see the next section). 63, 64 Consequently, ITScore achieved a significant improvement in ligand binding mode prediction and virtual screening compared with other knowledge-based scoring functions. 57 With more and more highquality complex structures available, we have recently developed an improved set of energy potential parameters for ITScore (referred to as ITScore 2.0) by using a much larger training set of proteinÀligand complexes and a more physical convergence criterion. ITScore 2.0 was then evaluated using the recently released CSAR benchmark. 
MATERIALS AND METHODS
Here, F ij (r) is the intermolecular pair frequencies of the atom types i and j observed at distance r in the high-resolution crystal structures of proteinÀligand complexes, and F* ij is the corresponding pair frequencies in a "reference state" in which the atomic interactions are zero. Despite the success achieved in binding affinity prediction, 42 a well-known challenge in the traditional knowledge-based scoring functions is the inaccessibility of the accurate reference state and thus F* ij in eq 1. 63 Accordingly, we have developed a statistical mechanics-based iterative method to derive the atom-based pairwise interaction potentials for proteinÀligand interactions (ITScore), instead of using eq 1 which requires the accurate calculation of F* ij of the reference state. Specifically, for a given set of N native proteinÀ ligand complexes (illustrated in Figure 1 , upper row), we generated many decoy structures using UCSF DOCK 4.0.1 66 ( Figure 1 , lower row). During this process, only VDW interactions were considered so as to minimize the effect of other energies on the decoy generation. It should be noted that the DOCK program was used only to construct ligand binding mode decoys to train ITScore. In other words, the accuracy of DOCK/ VDW on ranking these decoys is irrelevant to the derivation of ITScore energy parameters (as shown below), as long as DOCK/ VDW can sample a set of diverse binding decoys that cover the whole binding site. Based on the native structures and the ligand decoys, we improved the initial guess of the pairwise interaction potentials step by step using the following expression Here, u ij (k) (r) is the interaction potential of atom pair ij at distance r in the k-th iterative step, u ij (k+1) (r) is the improved potential by iteration, k B is the Boltzmann constant, and T is the temperature. g ij obs (r) is the pair distribution function for the experimentally 
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(r) is the average pair distribution function calculated for the whole ensemble consisting of the native structures and the decoys following the Boltzmann distribution. The iterative process is illustrated in Figure 2 .
Usually, the initial potentials u ij (0) (r) were inaccurate, and therefore the binding modes predicted by u ij (0) (r) (i.e., the mode with the lowest predicted energy) were significantly different from the native modes ( Figure 2 , top row). Through the iterative process, the potentials u ij (r) converged to a set of effective pairwise interaction potentials u ij (r). Thus, the binding energy score can be calculated by summing up all the atomic pairs between protein atom i and ligand atom j in a complex as
According to the theory of statistical mechanics, the effective potentials extracted from the iterative procedure are expected to be able to reproduce the native structures 67 ( Figure 2 , bottom row). The details on the calculations of the pair distribution functions, the choose of the initial potentials, and the statistical mechanics basis of the iteration method are described in our previous studies. 42, 56 2.2. Training Set for ITScore. In the present study we used a much larger training set of proteinÀligand complexes to derive the potentials for ITScore compared to our previous study. 56 The new training set consists of 1300 proteinÀligand complexes from the "refined set" in the 2007 PDBind database prepared by Wang's group. 68, 69 In the training set, water molecules and hydrogen atoms were removed from the proteins. The definitions of the atom types were given in ref 56 . Furthermore, to examine the effect of the training set on ITScore, we also used a smaller training set of 1152 proteinÀ ligand complexes by removing the overlapped entries between the CSAR benchmark and the PDBind database. The results showed almost no difference as shown in Section 3.4, indicating the robustness of our iterative method. The observation is also consistent with our previous study, in which the removal of a small portion from a large training set will not affect the extracted interaction potentials and thereby the prediction results. 70 
RESULTS AND DISCUSSION
3.1. Overall Performance. Using the extracted effective potentials through the iteration, we examined our ITScore 2.0 for its ability of predicting binding affinities with the CSAR benchmark (2009 release). The benchmark consists of set 1 and set 2 with a total of 345 diverse proteinÀligand complexes. The performance is measured by the correlation between the calculated binding energy scores and the experimentally determined log K. For reference purpose only, we also calculated the binding energy scores for the same proteinÀligand complexes by using the force field (FF) scoring function of DOCK 4.0.1 and its VDW component, respectively (http://dock.compbio.ucsf.edu/). 66 The all-atom FF scoring function is composed of a Coulombic interaction term with a distance-dependent dielectric constant and a 6À12 Lennard-Jones potential for VDW interactions as follows 
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where r ij stands for the distance of protein atom i and ligand atom j, A ij and B ij are the VDW parameters, and q i and q j are the atomic partial charges. The effect of solvents is crudely accounted for by using a distance-dependent dielectric constant ε(r ij ). Finally, to investigate the effect of hydrogen assignments on the force field scoring function, we also calculated the VDW binding scores for the heavy atoms only as
These reference scoring functions could provide crude estimates on the contributions of individual energy components such as electrostatic energies and van der Waals energies to the binding affinities. Some file preparations were done for the above calculations. In the CSAR benchmark (2009 release), the protein files were provided in the pdb format, and the ligand files were in Sybyl (Tripos, Inc.) mol2-format with AM1-BCC atom type and charge assigned. 71, 72 Because both ITScore and DOCK require mol2-format files for input, we converted the protein files into mol2-format files via UCSF Chimera, 73 in which the atom types and charges were assigned with the Amber force fields.
8 These assignments were used for the DOCK related calculations. For the ITScore calculations, however, the protein and ligand atom types were automatically reassigned from the mol2 files by our MDock software package (http://zoulab.dalton.missouri.edu/ software.htm). 56, 74, 75 MDock requires no charge assignments and considers heavy atoms only. To be comparable with the experimentally determined affinities, the calculated ITScore energy scores were simply scaled by a factor of 10 for all the evaluations. Notice that the scaled ITScore yielded just scores rather than approximate affinities, because no regression calculations were performed to reproduce the experimentally determined binding affinities. Rigid-body optimizations were performed within DOCK and MDock runs to minimize the impact of possible atomic clashes in the crystal structures on scoring. Figures 3 and 4 show the correlation coefficients of ITScore, DOCK/FF, DOCK/VDW, and VDW (Heavy) for the CSAR benchmark of 345 proteinÀligand complexes. The corresponding values of the correlations are listed in Table 1 . By default, the correlation refers to the square of the Pearson correlation coefficient, i.e. (R 2 ). In addition, we also calculated the Spearman's rank correlation coefficients (F 2 ) and Kendall tau rank correlation coefficients (τ 2 ), as shown in Table 1 . The value of each correlation is between +1 and À1, and a positive correlation is preferred. A negative correlation means anticorrelation, for which the predictions are opposite to measurements. A correlation of +1 corresponds to perfect prediction of binding affinities, and zero correlation represents a random prediction and thus a complete failure. It can be seen from Table 1 that the relative performances of the four scoring functions were similar regardless of which correlation was used. However, the Kendall tau correlation seems to be the most stringent measurement in the present study, as the values were significantly smaller than the values of the Pearson correlation and the Spearman rank correlation.
Several notable features can be found from the figures. First, ITScore yielded the highest correlation of R 2 = 0.54 compared with 0.12 for DOCK/FF, 0.35 for DOCK/VDW, and 0.38 for VDW(Heavy), suggesting the efficacy of our iterative procedure in extracting effective potentials. Second, it is a bit surprising to notice that the DOCK/FF scoring function, which consists of both the electrostatic and VDW terms yielded a lower correlation than the DOCK/VDW scoring function for the CSAR benchmark, implying the importance of rigorous treatment of the electrostatic interactions in the force field scoring functions. Third, the DOCK/VDW for all atoms performed slightly worse than the VDW scoring for heavy atoms only. Detailed examinations on all the scores by DOCK/VDW and VDW(Heavy) revealed that DOCK/VDW yielded a positive score of 4.2 to the complex No. 18 (PDB code: 1DUV) of set 2 (log K = À11.8) as shown in Figure 3 (c), a major contribution to the lower correlation of DOCK/VDW. In this proteinÀligand complex, the hydrogen atoms assigned for the ligand cause severe atomic clashes even after rigid-ligand optimization, yielding a high score penalty. The observation suggests the importance of correct hydrogen assignments for ligands to the force field scoring functions. Fourth, it is noted that although the DOCK/FF scores range from À165 to 20, most of the data points are within À100 to À1 (Figure 3) . Therefore, the correlation for DOCK/FF was recalculated by removing the data that have scores beyond (À 100, À 1), leading to a significant improvement to R 2 = 0.17, compared to 0.11 for the complete set. 
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Finally, it was also noted that there are common outliers for the four scoring functions. Six of them are 2JBJ, 1SWK, 2C1Q, 1DUV, 2I0A, and 2I0D (see Figure 3) . Their binding energy scores were underestimated by all the four scoring functions. These six complexes are also among the 20 entries that were poorly scored by all the 17 participating groups in the CSAR exercise. Examination of 2JBJ, a complex of glutamate carboxypeptidase II (GCPII) and 2-phosphonomethyl-pentanedioic acid (2-PMPA), revealed that two zinc ions in the active site coordinate the phosphonate group of the ligand and three carboxyl groups (D301, D311, and E345) of the protein. 76 Both oxygen atoms in the charged phosphonate and carboxylate groups would form strong salt bridges with the zinc ions, which is attributed to the tight binding of 2-PMPA. In contrast, neglection of the zinc ions would not only break the salt bridges but also result in possible unfavorable repulsions between negatively charged groups and thus significantly underestimates the binding energy score, as shown in our present results. The ligands in both 1SWK and 2C1Q are biotin, of which the binding involves electron polarization effects. Therefore, accurate calculation of biotin-binding affinities may require quantum mechanical methods. 77 1DUV is a complex between the Ornithine transcarbamoylase (OTCase) and a transition-state (TS)-like inhibitor PSOrn. 78 Its strong binding attributes to not only hydrogen bonds but also unique NÀP bonds that are not considered in the present scoring functions. Both 2I0D and 2I0A are HIV-1 protease complexes. 79 Despite their high experimental affinities, examination on their ligand binding modes showed that part of each ligand stretches outside of the binding site compared to some less potent HIV-1 protease inhibitors such as 1D4I. It is challenging to understand why the off-pocket ligand fragments result in the high affinities measured by the experiments. The two complexes may deserve further theoretical and experimental studies for their peculiar features.
Performance Analysis
Based on Hydrophobicity/Hydrophilicity. To further evaluate our scoring function, we classified the 345 complexes in the CSAR benchmark into two categories according to the chemical nature of the proteinÀ ligand interactions. We used a classification criterion for hydrophobic/hydropholic interactions that is similar to the criterion given in ref 80 . Namely, we defined the proteinÀligand interaction "hydrophobic" if the contribution of the hydrophobic term is larger than that of the hydrogen bond term in HPScore of X-Score 38 for a given complex; otherwise we classified the interaction as being "hydrophilic". The CSAR benchmark was thus divided into a total of 205 hydrophobic complexes and a total of 140 hydrophilic complexes. Figures 5 and 6 show the correlation of ITScore on the two subsets of hydrophobic and hydrophilic complexes. As a reference, the results of DOCK/FF and DOCK/VDW are also listed in the figures. VDW(Heavy) was not included because of its close performance to DOCK/VDW. It can be seen that all the three scoring functions performed significantly better for the hydrophobic complexes than the hydrophilic complexes. This behavior is particularly prominent for DOCK/FF and DOCK/VDW. The better performance of DOCK/VDW for the hydrophobic complexes can be understood by the fact that VDW interactions make the major contribution and electrostatic interactions make much less contribution to the binding scores for the hydrophobic complexes than for the hydrophilic complexes. Regarding ITScore, although a few outliers may contribute to the lower correlation for the hydrophilic complexes, the difference between the two correlation values may mainly result from a statistical reason, i.e., the majority of the hydrophilic complexes in the data set have a smaller affinity range (log K ∼ [À8,À2]) than the hydrophobic complexes (log K ∼ [À11,À2]) (see Figure 5 ). For DOCK/FF, the dramatic difference in the correlations may be due to the overestimation of the electrostatic interactions that will have a much more impact on hydrophilic complexes than on hydrophobic complexes because the atoms of hydrophilic complexes tend to carry more charges than the atoms of hydrophobic complexes. This can also be indicated from the more outliers for the hydrophilic complexes in the score-affinity diagram ( Figure 5 ). Ligands may change their conformations upon binding. Binding leads to a loss of ligand conformational entropy by constraining a ligand in the binding pocket. As none of the four scoring functions investigated in the present study explicitly account for the conformational entropy, we adopted the empirical, crude approximation that the loss of the ligand conformational entropy is proportional to the number of rotatable bonds N rot in the ligand. Specifically, we added an entropic energy term to each scoring function as follows
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where E x stands for E ITScore , E DOCK/FF , E DOCK/VDW , or E VDW(Heavy) . The weighting coefficients W x and W rot were obtained by a regression method to maximize the correlation between the experimentally measured binding affinities and the calculated binding energy scores for the complexes in the CSAR benchmark. Without loss of generality, we set W x = 1.0 during the regression, yielding the coefficients of W rot = 0.10, À 6.66, 0.30, and 0.58 for ITScore, DOCK/FF, DOCK/VDW, and VDW-(Heavy), respectively. Figure 7 shows the correlation coefficients for ITScore, DOCK/FF, DOCK/VDW, and VDW(Heavy) with or without the ligand entropic term. It can be seen from the figure that the inclusion of the empirical entropic term does not significantly improve the performances of the scoring functions. Interestingly, the coefficient W rot was even negative for DOCK/FF. The finding implies that the number of rotatable bonds may not an effective measurement of the loss of ligand conformational entropy in ligand binding. The first reason is because the number of rotatable bonds, a measure of the ligand flexibility, is an oversimplification of the ligand conformational entropy. The second reason is that a ligand may lose only partial conformational entropy upon binding, but the empirical approximation assumes a complete loss in ligand conformational entropy. Figure 8 shows the correlation coefficients (R 2 ) of the four tested scoring functions on set 1 and set 2, respectively. It can be seen that all four scoring functions yielded a higher correlation for set 2 than for set 1. The difference is least significant for ITScore and most prominent for DOCK/FF. The differences in the correlations may result from different physical/chemical properties of the ligands in the two data sets, such as molecular weight, polarity, and flexibility. For example, set 1 contains a larger number of charged ligands than set 2, which may explain the largest difference in the performance of DOCK/FF, a scoring function that involves simple electrostatic calculations.
We further investigated the effect of the training set selection on the performance of ITScore. Figure 9 shows a comparison of the correlations for the ITScore potentials derived from two training sets: one is the complete set of 1300 complexes (default), and the other is the nonoverlap set of 1152 complexes after excluding the entries that are in the CSAR benchmark. It can be seen from the figure that the two training sets yielded very similar correlations, indicating the general applicability of the derived effective potentials. 
ARTICLE changes in the 10 0 CSAR-NRC HiQ benchmark compared to the 09 0 CSAR benchmark. First, the protonation states of some of the ligands were curated manually. Second, unlike the 09 0 benchmark which gave the PDB-format files only for the crystal structures of the proteins, the 10 0 benchmark provided the mol2 files for both the crystal structures and the minimized conformations of the proteinÀligand complexes. Compared with the pdb-format files, the mol2-format files add the assignments for atom types and charges.
To investigate the effects of protonation and minimization on scoring, we calculated the binding energy scores of ITScore, DOCK/FF, and DOCK/VDW for the CSAR-NRC HiQ benchmark. As VDW(Heavy) was highly correlated with DOCK/ VDW in scoring performance, VDW(Heavy) was omitted in this evaluation. It should be noted that the results of DOCK/FF for the 09 0 CSAR and the 10 0 CSAR-NRC HiQ benchmarks are not comparable because of the different force fields used for the protein charge assignments for the two benchmarks. Figure 10 shows the correlations for ITScore, DOCK/FF, and DOCK4/VDW on binding affinity prediction with the original CSAR and new CSAR-NRC HiQ benchmarks. It can be seen that interestingly, the protonation corrections in the new benchmark did not improve the correlation for ITScore but even worsened the correlation for DOCK/FF and DOCK4/VDW. The results can be understood as follows. For ITScore, the interaction potentials are extracted from the experimentally determined proteinÀligand complex structures and thereby implicitly include the corrections for the protonation states upon binding. Consequently, it is expected that the protonation corrections in the new CSAR-NRC HiQ benchmark would not significantly affect the results of ITScore, indicating the robustness of ITScore. The differences in correlation for DOCK/FF and DOCK4/VDW may result from the different atom type and charge assignments in the new CSAR-NRC HiQ set.
To investigate the effect of conformational minimization on scoring, Figure 11 shows a comparison of the correlations before and after the CSAR minimization for the ITScore, DOCK/FF, and DOCK/VDW. Notice that the default parameters were always used for DOCK scoring calculations (i.e., orientational "Minimization" was set to "Yes") to warrant the best DOCK/FF and DOCK/VDW scores. It can be seen that ITScore yielded a slightly better correlation for the (unminimized) crystal structures than for the minimized structures. The results can be understood by the fact that the potentials of ITScore are derived from the experimentally determined native structures and thus are expected to perform better with the unminimized native structures. In contrast to ITScore, DOCK/FF and DOCK/VDW achieved a better correlation for the minimized conformations than for the unminimized native structures, because the VDW interactions in these scoring functions are sensitive to the ligand positions. Even a few atomic clashes in the native structures can significantly worsen the calculated binding scores, which can be corrected by the conformational minimization procedures that remove these atomic clashes.
CONCLUSION
We have developed an improved iterative knowledge-based scoring function (ITScore 2.0) based on the crystal structures of 1300 proteinÀligand complexes. ITScore achieved a correlation of R 2 = 0.54 on binding affinity prediction with the CSAR benchmark of 345 diverse proteinÀligand complexes. For references, we compared the scoring results with those of DOCK/FF, DOCK/VDW, and VDW(Heavy). We also used these simple scoring functions to crudely estimate the contributions of polar and nonpolar interactions to the binding affinities. We found that the scoring performances of DOCK/VDW and VDW(Heavy) were better than expected for the CSAR benchmark, with R 2 = 0.35 and 0.38, respectively, which suggests that VDW alone catches certain general chemical properties in a diverse set of proteinÀligand complexes. Although the VDW is not a good scoring function, it may serve as a low-end threshold/reference for validation of scoring functions. The comparison between DOCK/VDW and VDW(Heavy) suggests that correct hydrogen assignments can help improving scoring performance. It was also found that despite the successes reported in the literature, the empirical method using the number of rotatable bonds to consider the ligand conformational entropy does not always improve the performances of scoring functions. Due to its sensitivity to electrostatic interactions, DOCK/FF showed significant dependence on the test set and assignment of charges/ protonation states, indicating the importance of force field scoring functions in appropriately treating electrostatics. Because of the sensitivity of the force field scoring functions (including the VDW function) to the atomic positions, a minimization that removes possible atomic clashes in the complexes would significantly improve their performances. As aforementioned, the electrostatic interactions may be overestimated by the force-field scoring function in DOCK 4.0.1 due to the neglection of the desolvation effect. 
